Introduction and Background
Cellular automata (if a deterministic model) and stochastic automata (if implemented with varying probabilities of transmission) are methods that allow us to study the dynamics of the population at large, based on local interactions among neighbors, as shown in models of physical systems [1] . Cellular automata consist of a lattice of cells and proceed through discrete time steps where each cell is characterized by a state, and where its future states are determined stochastically in relation to a finite number of neighboring cells. Its applicability in biology was validated by implementing it in a study of a homogeneous population where individuals interact locally, resulting in the same dynamics as the one obtained with difference equations [2] . Thus it is possible with this method to follow the spread of disease in a population at large by looking at interactions among individuals [3, 4, 5, 6, 7, 8] . The method is being applied here, to study the spread of tuberculosis and identify sites for treatment.
Tuberculosis is both an ancient, familiar infectious disease (the White Plague, "consumption") and a dangerous, resurgent threat to the lives and health of millions world wide [9, 10] . Rising rates of comorbidities that undermine the immuno-competence of populations; the migration of populations dislocated by conflict, market failures and economic transitions [11, 12, 13] ; incarceration, homelessness and crowding in inadequate housing for disadvantaged groups living in high income inequity countries [14] ; de-funding of barely adequate screening and treatment programs; the emergence of drug-resistant strains out of inadequately treated prison, HIV positive, and homeless populations -all contribute to sustained levels of tuberculosis disease (TB) in the U.S. and worldwide. Combinations of conditions such as these have produced alarming spikes in active TB case rates and TB mortality across the globe. One such spike occurred in the US in the late 1980s, fueled by economic downturn, lagging public health control efforts, and the rising incidence of what was then a relatively new and not well understood disease -HIV infection [15, 16] .
However, tuberculosis is also one of the slowest acting infectious disease agents known, making it possible to intervene in its transmission dynamics and dramatically change both the prevalence of latent infection and the incidence of active, infective cases in a population [17] . Although tuberculosis is mostly a respiratory illness, almost always spread through the bacteria being carried on droplets of secretions expelled via talking or coughing by persons with active infections, tuberculosis infection is unlikely to be caused by a casual contact in a single incident.
It is highly dependent on prolonged, repeated, close contact with an active case -such as within a household, within institutional settings like prisons, nursing homes, homeless shelters, group homes and military barracks. In addition to frequency and proximity of contact, the lack of ventilation of the air and lack of exposure to ultraviolet light may increase opportunities for infection [18] .
Once an active case is recognized, that person can be treated to push the infection back into latency -not a cure, but effective in stopping transmission and greatly reducing both morbidity and mortality. Inadequate or incomplete treatment courses can backfire, producing drug-resistant TB strains that are much more difficult and resource intensive to treat, while also allowing a case to remain infective. The recommendation of the World Health Organization for treatment of tuberculosis disease has been with directly observed short course therapy (DOTS), where individuals are required to come in to clinics to take chemotherapeutics targeted at Mycobacterium tuberculosis. Ideally, every means of reducing that window of infectivity from detection of active cases through completion of treatment courses should be employed to prevent a resurgent TB epidemic. Yet, controlling and preventing the spread of tuberculosis, HIV and other inter-related infectious diseases is just one of many critical missions that public health agencies are tasked to accomplish. In this setting, finding theoretically sound yet accessible ways to model factors important in the spread of these infections in order to target scarce public health intervention resources is critical.
In the U.S. and worldwide the goal for the elimination of tuberculosis has been set, with the primary strategy for accomplishing this goal the implementation and expansion of directly observed therapy (DOTS) [5, 12, 13] . With renewed funding for tuberculosis infrastructure, new methods for examining outbreak clusters, new guidelines for disease reporting, and the emphasis on DOTS in the United States, there has been a decrease of 44% in the number of cases of TB from 1993 to 2003 [15] . Nevertheless, DOTS as an exclusive strategy for elimination of TB may not be on its own adequate for this purpose [19] , and even at the current rate of decline in the United States, TB would not be eliminated for more than 70 years.
The social-environmental structural factors that promote Mycobacterium tuberculosis spread and increase probabilities of exposure to an infective case, and the individual factors that influence both the probabilities of developing an active case and the probabilities of case detection and treatment -are not distributed homogeneously throughout any American population [20, 21, 22] .
In fact, not only are these factors correlated with each other, they are also spatially clustered within neighborhoods as well [23] . Evidence based on analysis of neighborhood data of many sites around the world suggests that there is a higher transmission of tuberculosis within dense neighborhoods, and that the infection spreads to low density ones. In a recent study on tuberculosis in Taiwan it was demonstrated that " the tuberculosis incidence in a township was significantly affected by the incidence in neighboring townships" [24] In another excellent Brazilian study conducted to analyze the dynamics of the dissemination in the town of Olinda:
"it became clear that the high density household favours the rapid transmission and manifestation of the disease" [25] In the dense metropolitan regions of the world's rapidly urbanizing populations, housing markets are highly segmented and segregated based on wealth, income and social status, including race and ethnicity in racialized societies such as the United States. A city's residents are constrained in their choice of neighborhoods in which they can live and segregated into neighborhoods with specific clusters of characteristics.
TB is therefore highly dependent on social context and environment factors, meaning that the social structure of one's cluster of closest contacts and spatial distribution of those clusters in neighborhoods matter. Traditional transmission probability models fail in that they often assume homogeneity across populations, or independence of individuals' risks. For that reason, we propose to develop a stochastic automaton-based simulation of TB epidemic transmission dynamics. We believe it may be an alternative or extension to compartmental (differential equation based) transmission models which can capture probabilistic (stochastic) transmission rates in heterogeneous population groups (compartments) and compartment mixing [24] , but not the spatial structuring of a clustered social/physical environment [25] . Virtual models of TB dynamics are useful as heuristic devices that enable the testing of different structural and susceptibility scenarios that may not be feasible (and certainly not ethical to experimentally create) in the real world. In addition, they offer the opportunity to estimate the impact of different treatment or prevention scenarios as we will present in this study.
Lastly, because this spatially based simulation is mapped to the structure of a prototypical urban area, visualizing the dynamics of disease transmission and the potential consequences of policy shifts affecting disease transmission probabilities within types of neighborhoods becomes accessible to audiences with no advanced quantitative training. The images of how an epidemic spreads across a city block by block, or can be stopped in its tracks could be a powerful and persuasive communication tool in the deliberative process of setting public policies and allocating urban public health resources.
Methods

Cellular Automata
Models for epidemic spread, whether stochastic or deterministic, have been based on interactions between infected populations and susceptible ones, incorporating other epidemiological features such as latency, and acquisition and subsequent loss of immunity [26, 27, 28, 29, 30] ; a similar approach was used for studying the intrinsic transmission dynamics of tuberculosis based on a multi-century analysis [31] . In all these studies susceptible individuals are assumed to mix randomly with infected ones following mass-action dynamics. This assumption has been retained even when spatial heterogeneity was considered [3, 32] .
Because of its spatial flexibility, cellular automaton makes possible the construction of neighborhoods differing in their characteristics such as densities and vulnerabilities; and thereby to study the dynamics of epidemics throughout spatially diverse populations. It is specifically appropriate for studying diseases that are mainly concentrated in deprived neighborhoods and that absorb immigrants from countries with endemic disease [33] . Thus scenarios can be simulated by placing active cases among the homeless, ex-prisoners, or immigrants in different neighborhoods and following the propagation of infection.
The stochastic automata simulation of tuberculosis transmission dynamics was implemented using J software (version 6.01).
Structure of the spatial environment -densities and neighborhoods
The "city" consists of 36 neighborhoods (a 6 by 6 grid), with each neighborhood defined as a grid of 3136 cells (56 cells by 56 cells) (Figure 1) . The number of these cells considered to be occupied by an individual varied by the degree of crowding. Individuals are located in dense (0.9 probability of any cell being occupied, n=706), less dense (0.67 probability of any cell being occupied, n=525) and least dense (0.33 probability of any cell being occupied, n=259) neighborhoods. In addition, a few "empty" neighborhoods were included to simulate nonresidential areas within the "city." 
Local interactions
The stochastic automata models presented here consist of a lattice of cells populated by individuals in one of four states: (i) non-infected, (ii) infected-latent (at various levels of progression), (iii) infected-infectious (active) and (iv) dead (Figure 2) . Each of the states is coded with numbers: 0 through 44 (Figure 3 ).During each time step (t), a cell between states 25 to 42 ("infectious") can cause a change in a cell that is adjacent (Figure 2) or up to 4 cells away from the source.
The total initial number of latent infected individuals was 14 in high density areas (2%), 3 in medium density areas (0.6%) and 2 in low density areas (0.8%). Figure 3 and calculated using the following equation:
Where:
P i = The probability that uninfected person will become infected r = the basic probability that an infection will be passed between two close contacts during a one w e = The relative probability that an infective source will infect an uninfected person through casual contact, if all are infected. G = The proportion of the total population that is infected.
Individuals in higher density clusters will in general have a higher probability of becoming infected, due to more adjacent (and possibly active) individuals. 
Transition probabilities
Treatment scenarios
The (14) 32 (8) 43 (12) 25 (7) 11 (7) 5 (3) 2 (1) 2 (1) 3 -40% general 90% targeted 0 (0) 0 (0) 44 (12) 27 (6) 33 (9) 20 (5) 9 (6) 5 (2) 2 (1) 2 (1) 4 -70% general 70% targeted 0 (0) 0 (0) 46 (13) 22 (6) 36 (11) 17 (4) 8 (5) 4 (2) 2 (1) 2 (1) 5 -70% general 90% targeted 0 (0) 0 (0) 48 (13) 22 (4) 37 (12) 17 (3) 8 (5) 3 (1) 2 (1) 2 (1) 6 -0% general 90% targeted 1 (1) 0 (1) 140 (62) 135 (73) 35 (11) 20 (10) 85 (57) 89 (67) 18 (17) 25 (27) 
Results
All scenarios were run 50 times. Mean values for number of infected individuals after 240 months in low density, medium density and high density neighborhoods, and the total number of individuals who are infected during the course of the simulation, including the number of deaths are given in the table.
As shown in the Table, 6 Further increasing the targeted treatment from 70% to 90% while keeping 70% treatment in the general population (scenario 5), did not make a difference. With only targeted treatment of 90% among individuals (scenario 6) in the highest density neighborhoods, there is more than twice the number of infections as compared to general treatment at the 40% level (scenario 2).
In order to examine the importance of duration of time between latent infection and the possibility of treatment we also ran all treatment scenarios with treatment possible beginning at 3 months rather than 6 months. As shown in the table, this resulted in a substantial decline in the number of infected individuals in all types of regions, most significantly.
In Figure 4 , and where it is difficult or unethical to conduct randomized experiments. They may also be useful for informing policy on different types of treatment and prevention options for controlling infection and disease.
In examining the impact of evenly distributed case ascertainment and treatment, our results
indicate that this appears insufficient in limiting the spread of TB in densely populated areas, especially among those with a number of susceptible individuals (due to, for example, age, HIV, or diabetes). Our results support additional treatment beyond 40% of successful case ascertainment and treatment, especially treatment and control programs in dense, high risk neighborhoods, similar to findings from studies on programs targeting homeless groups [34, 35] .
Additional focused case ascertainment and treatment of 90% among densely populated areas with a higher number of susceptible individuals resulted in 25% fewer cases. Targeting treatment solely at residents in the very dense neighborhoods, even though at high levels (90%), was less effective than treating the general population at a level of 40% (scenario 6 vs. scenario 2)
All the transition probabilities are approximations from the literature. As in all models, this simulation makes simplifications of reality and is based on numerous assumptions. These assumptions should and can be tested systematically over ranges of starting conditions and settings in a series of sensitivity analyses. Refinements (including diabetes as another class of susceptible) and extensions (age structures and competing mortality risk) of the basic stochastic automata model are both possible and necessary.
Other limitations are the simplified states over transmission models that have been demonstrated to produce incidence, prevalence and mortality rates consistent with historical data [36] . We did not include a separate state for non-infectious tuberculosis. In addition, we did not allow for direct paths between susceptible and infectious, but rather required that individuals pass through the latent infectious state initially. A more detailed state transition model is possible within the stochastic automata framework. Due to the small number of individuals that pass directly from susceptible to disease we do not expect this to have a substantive impact on our results. In addition, future analyses doing uncertainty analyses with a probability distribution of each transmission parameter in the model will be useful to validate these results and determine the extent to which our results are robust to potential errors or temporal changes in parameter estimates.
The simulation results produced some answers to the set of questions we proposed regarding different treatment scenarios. Certainly, TB has an explosive spread in the dense neighborhoods and into contiguous dense neighborhoods, especially when active cases are initially seeded in those neighborhoods, and those neighborhoods also have higher proportions of more susceptible persons. Even if a dense neighborhood is somewhat isolated from areas with high levels of epidemic spread, there is still significant spread within that neighborhood. But, there is also a high degree of patchiness in TB spread, with less active cases spreading in medium density neighborhoods, even if initially seeded with active cases. In isolated low density neighborhoods there is very limited spread of disease. Eventually, however, there are active cases in neighborhoods, even if not initially seeded with active cases. But, all this is in the case of no effective treatment of active cases.
For some of our parameters there was not an extensive literature on which to base parameter estimates. Notably the proportion of infections with decreasing but still close proximity is not well documented, and other models of tuberculosis disease have demonstrated that number of new infections from an infectious case contribute importantly to the disease dynamics [36] .
As we see cellular automata models may be useful in answering fundamental questions regarding the relationship between socioeconomic characteristics of populations and disease spread. 
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